Relationships between metabolic fluxes and enzyme amino acid composition Abbreviations AA -amino acid; AAC -amino acid composition; LOOCV -leave-one-out cross-validation; VIF -variance inflation factor.
Introduction
Cell metabolism is comprised of enzyme-catalyzed biochemical reactions and carrier-mediated transport processes. Taken as a whole, these reactions form interrelated metabolic pathways which are combined into a cellular metabolic network. Metabolic fluxes describe the amount of material chemically converted or transported per time unit and are considered as the key parameters of any metabolic pathway and hence, as the fundamental determinants of cell physiology [1] [2] [3] [4] . Changes in metabolic fluxes in response to various types of genetic and environmental perturbations are critical for the metabolic flux control which is a key objective of metabolic engineering [5, 6] . On the other hand, enzyme activity is one of the major factors influencing the magnitude of metabolic fluxes in any cell [6] . According to concepts of systems biology, metabolic fluxes are net sums of underlying enzymatic reaction rates represented by integral outputs of three biological quantities which interact at the level of enzyme kinetics: kinetic parameters, enzyme and reactant concentrations [7] . An integrated view on enzymes suggests them as dynamic assemblies whose variable structures are closely related to catalytic functions [8, 9] . It is therefore important to extend our knowledge of enzyme sequence, structure, and function relationships [10] , as well as to explore coherencies between enzyme activity profiles and metabolic flux distributions in order to understand the physiological dynamics within a cell [2, 11] .
Amino acid (AA) composition (AAC) is a simplest attribute of proteins among so-called global sequence descriptors [12] which represents the frequencies of occurrence of the natural AA thereby creating a 20-dimensional feature for a given protein sequence [12, 13] . AAC appears as a simple, yet powerful feature for a successful prediction of several protein properties, including protein folding and mutual interactions [14] [15] [16] .
Recently we have shown [17] , that there are significant relationships between the values of basic kinetic constants (Michaelis-Menten constant, turnover number, specificity constant) and the AAC of corresponding enzymes from the yeast Saccharomyces cerevisiae glycolysis pathway. These findings suggest that the AAC of enzyme sequences could also be reflected in the flux distribution within a given metabolic pathway. The goal of the present study was to further investigate this possibility.
Experimental Procedures
The data set consisted of the amino acid (AA) sequences, representing the enzymes/cariers for the core reactions of the yeast Saccharomyces cerevisiae glycolysis pathway: Low-affinity glucose transporter (HXT1), Hexokinase (HXK, EC 2.7. Metabolic fluxes within the yeast Saccharomyces cerevisiae glycolysis pathway were determined using the kinetic models of Hynne [18] and Teusink [5] from the BioModels Database (http://www.ebi.ac.uk/biomodels/) -BIOMD0000000061 and BIOMD0000000064, respectively. Simulation experiments were performed for both models using the COmplex PAthway Simulator tool (Copasi 4.7 Build 34, http://www.copasi.org) at perturbed initial concentrations of external glucose (25 mM, 50 mM, and 100 mM (or 10 mM, 50 mM, and 100 mM for the generic model [19] )). The dataset was also supplemented by the data series representing the metabolic fluxes of a generic kinetic model developed by GRaPre tool [19] and a stoichiometric model [20] of the yeast Saccharomyces cerevisiae glycolysis pathway. The UniProtKB accession numbers of enzyme sequences together with the enzyme representation in the kinetic/stoichiometric models used in the study [5, [18] [19] [20] are summarized in Appendix 1. The AA composition (frequencies of AA occurrence) of sequences (AAC) and codon usage indices were computed using ExPASy/ProtParam (http://web.expasy. org/protparam/) and CAIcal (http://genomes.urv.es/) tools, respectively.
The average AA property, P ave (i) for each sequence (or an extracted group of AA) was computed using the standard formula [21] ,
where P (j) is the property value for j th residue and the summation over N, the total number of residues in a protein. The data were processed by correlation analysis (parametric and non-parametric) using the Statgraphics ® Plus (Manugistics Inc., Mar., USA) and SPSS 11.0 for Windows (SPSS Inc., Ill., USA) and subjected to the multiple linear regression analysis using the same software. Explanatory variables in the models were subsequently checked by stepwise forward selection procedures by finding the significant one-variable models as well as significant two-variable models to arrange 20 AA in groups of 2 at a time for each model. The best three-variable models were formed by adding another variable one by one from the remaining variables, and the variables that yielded the greatest increase in the adjusted R-square value were included. This process was repeated to obtain four-variable and larger models until no variables could increase the criterion. Only the variables with regression coefficients being significant at the each separate concentration of external glucose were included in the regression models ( Table 1) . The Fisher's F-test for analysis of variance (ANOVA) was employed to evaluate the statistical significance of regression models and the Student's t-test was used to check the significance of regression coefficients. The leave-one-out crossvalidation (LOOCV) procedure was used to validate developed regression models [22] . The linear plots of the actual metabolic fluxes against those predicted by the multiple regression models were used throughout the study to assess the fit for observed multivariate relationships according to adjusted R-square values. Conventional non-parametric tests, including the Friedman ANOVA for ranks and the Wilcoxon signed rank test were used to evaluate the P ave (i) for each protein in respect of the AA groups selected/nonselected as the predictor variables.
The P values <0.05 were considered to be statistically significant for both parametric and non-parametric tests. A conventional single letter code was used throughout to denote AA representing their frequencies of occurrence as the independent variables.
Results
Previous bivariate correlation analysis of 80 possible relationships (flux distribution of four models x20 AA) revealed several significant parametric and/or rank correlations, confirming that the metabolic fluxes can be linked with the individual AA frequencies of the respective enzymes. Furthermore, the observed relationships ( Figure 1 ) for different AA can be reverse (a, c) as well as direct (b, c).
Subsequent analysis of the data by forward selection procedures showed that the stepwise inclusion of additional variables leads to a statistically significant multiple regression, where the metabolic fluxes depend on two or more AA frequencies of the respective enzymes, thus substantially increasing the proportion of the "explained" variance ( Figures 2, 3) . Furthermore, the increasing adjusted R-square values indicate that the "explained" variance substantially rises with the growing number of variables in the regression model, although in a somewhat non-linear proportion, due to a more pronounced contribution of the few "strongest" [22] of models e model of Hynne et al. [18] f model of Teusink et al. [5] g generic model [19] h stoichiometric model [20] AA frequencies ( Figure 3) . Therefore, 5 to 7 variables are sufficient enough to form statistically robust multiple linear regression models linking the values of metabolic fluxes predicted by different (Appendix 1) kinetic or stoichiometric models with the AA composition (AAC) of corresponding sequences ( Table 1) . The matching quality of the data obtained by the proposed models was evaluated by the linear plots (Figure 4 ) of the actual metabolic fluxes against those predicted by proposed regression models ( Table 1) . The highly significant adjusted R-square values also indicate that the models ( Table 1 ) adequately represent the actual relationships between the AAC and the values of metabolic fluxes, and only a relatively small proportion (8.2-10.9%) of the total variance remains unexplained. The resulting regression models were also verified using combined as well as narrowed data sets in which each glucose concentration (25 mM, 50 mM, or 100 mM) is represented separately. In addition, the validation of models using the leaveone-out cross-validation procedure (LOOCV) resulted in the reduction of the R-square values (Table 1, Figure 5 ), but still remained within the limits of high (P<0.00001) statistical significance.
In should be noted that rather small or moderate values of the variance inflation factor (VIF) [23] ( Table 1 ) also indicate that the observed multivariate relationships could not be significantly affected by the multicollinearity of independent variables.
The analysis of variance (ANOVA) for the regression models are summarized in the Appendix 2.
Comparison of multiple regression models (Table 1) showed that they include a relatively broad representation of variables consisting of 11 AA (W, R, Y, E, M, L, I, Q, S, P, A).
It was observed that these variables differ from the other nine AA by several physico-chemical properties. Thus, the application of Fisher′s linear discriminant analysis revealed that AA physico-chemical and structural properties, such as the average flexibility index [24] , conformational parameters for β-turn [25] , β-sheet [26] , and polarity [27] , can be considered as strong predictor variables to discriminate between the groups of selected and non-selected AA with a cross-validated classification accuracy of 80%. This is significantly above what would be expected by chance for two groups (Press′s Q=7.2; P<0.01). This observation indicates that the selection of independent variables in multiple regression models (Table 1) may reflect certain advantages for definite AA properties, which in turn could affect the overall properties of sequences. Such a possibility was confirmed by assessing the enzyme sequences as well as the groups of the selected and (Table 1 ). All the linear correlations are significant at the nonparametric assessment (Kendall's t, Spearman's r correlation coefficients).
non-selected (rest) variables in terms of "the average AA property for each protein" [21] in respect of given regression models ( Table 1) . It was found that the groups of selected and non-selected AA frequencies can make substantially different contributions to the combined set of average physicochemical and structural properties for the enzyme sequences ( Figure 6) .
Additionally, the set of selected AA can be distinguished from the rest by their higher metabolic cost in respect of total biosynthetic and energy requirements for a given protein sequence ( Figure  7 ). Such differences remain through various indices (data not shown) of AA metabolic cost (energy requirement, biosynthetic complexity, molecular weight etc.), suggesting that they also should appear as a distinctive degree of AA conservation [28] . This was approved by the comparison between RSCU (Relative Synonymous Codon Usage) indices for both selected and non-selected sets of AA with the respective values (RSCU max ) describing the codon usage in highly expressed genes [29] of the yeast S. cerevisiae. The results (Figure 7) confirmed that the set of selected AA, representing the independent variables of the regression models ( Table 1) , consists of comparatively more conserved AA and reveal significantly less deviation from RSCU max . 
=44.45%, P=0.0130).
All the multiple and pair correlations (a, b, c, d, e, and f) are significant at the nonparametric assessment (Kendall's t, Spearman's r correlation coefficients).
It should be noted that statistically robust multivariate relationships could also occur in metabolic fluxes representing other metabolic pathways in yeast Saccharomyces cerevisiae. Thus, the values of metabolic fluxes which are attributed to the seven enzymes of S. cerevisiae pentose phosphate pathway (PPP) from the full-scale stoichiometric model [20] were found to be closely related (R 2 adj.
=99.75%; P<0.00001) to the selected frequencies of only three AA (S, Y, V). An extended set of these results are summarized in Appendix 3.
Discussion
Our results indicate that the metabolic fluxes of the yeast Saccharomyces cerevisiae glycolysis pathway appear to be closely related to the amino acid (AA) composition (AAC) of the involved enzymes, and therefore are in consistency with the view of enzyme activity as a key factor influencing the magnitude of fluxes [6, 11, 30] . These results also support the predicted interdependence of catalytic, binding, and structural residues [9] as a component of biocatalytic efficiency. Furthermore, the observed relationships fit well with current concepts on the structural and functional properties of proteins, including structural, energy, and conformational networks [31] , conformational dynamics, heterogeneity, and selection [32] , and, in (Table 1) .
general, AA networks [16] . A broad representation of AA frequencies as the strong predictor variables for the developed regression models (Table 1) , as well as findings about the different impact of the selected AA Figure 6 . Different contributions of the selected and non-selected AA into the properties of enzyme sequences. The Box-and-Whisker plot of the average AA property estimates for the selected/non-selected groups of independent variables in respect of the metabolic fluxes for models I and III ( Table 1) . The upper and lower bounds of the bars represent maximum and minimum values of estimates, the upper and lower bounds of each box represent the upper and lower quartiles of estimations and the lines in the middle of each box represent the median values. The effects of group selection and all pair differences between the groups are significant (Friedman ANOVA and Wilcoxon signed rank tests, respectively). Table 1) .
groups on predicted features of enzyme sequences ( Figure 5 ), most likely reflect the potential of protein adjustments to keep the kinetic parameters of enzymes within a definite range and, consequently, their efficient operation under varied external conditions. It should be noted that different sets of the predictor variables for the regression models (Table 1) , as well as the varied flux distributions of kinetic and stoichiometric models used in this study, most likely reflect that these models were created to describe glycolysis for different experimental conditions, and even different yeast strains, thus the approaches to model building differed [33] .
If the kinetic models for yeast glycolysis are fairly similar, the regression models revealed only minor differences. Thus, the same variables were selected for the Teusink′s model [5] and the generic GRaPre model [19] with slight differences in selected variables (Q instead of W) and regression coefficients ( Table 1 , models II, and III, respectively) though the latter additionally includes the reaction of triosephosphate isomerase and changing trehalose and glycogen fluxes.
Nevertheless several AA (A, P, Q) emerged as relevant predictor variables, even if the data sets (metabolic fluxes and AAC of sequences representing all four kinetic/stoichiometric models) were joined to build the multiple regression at the acceptable level (P=0.0013) of significance (data not shown).
The fact that the set of selected AA (Table 1 ) within the enzyme sequences have a higher metabolic cost, as well as a codon usage pattern appearing to be less deviated from the codon preferences of genes for highly expressed proteins (Figure 7) of the yeast S. cerevisiae [29] , are well-aligned with the concept [28] that expensive AA are only used for specific structural or functional roles and are therefore conserved, while those with a lower biosynthetic cost may be subjected to weaker structural or functional constraints and more likely to be substituted.
In general, such relationships between the metabolic fluxes and AAC of the respective enzymes might include the quadratic effects and interactions between the variables making these relationships even more complex. Nevertheless, it should be noted that a multiple linear regression still offers a best linear approximation to the unknown regression function even if it is non-linear [34] . The refinement of the observed multiple linear regressions for two or three of the "strongest" AA ( Figure 3) by means of the 2 nd order polynomial equations resulted in a moderate or even substantial reduction of unexplained variance which characterize closer relationships between the variables (Appendix 4). However, it should be taken into account that the practical use of 2 nd order equations are strongly restricted due to a sharp increase of required regression coefficients and degrees of freedom to obtain statistically robust regression models.
It should be noted that this study corresponds to current research indicating that the set of primary structure-derived features [35, 36] or integral physicochemical indices of proteins [37] can be used to predict the kinetic properties for particular enzymes.
The results of the present study suggest that regression models could be used, at least in principle, to specify and co-ordinate the appropriate values of metabolic fluxes, especially if there is a need to include or replace (e.g. metabolic engineering, dynamic modeling) any additional enzyme currently not represented in a given metabolic pathway. [18] c model of Teusink et al. [5] d generic model [19] e stoichiometric model [20] The variance analysis of the regression models. Multiple linear regression models a linking the log-values of kinetic constants and the amino acid (AA) composition (AAC) of the yeast Saccharomyces cerevisiae enzyme sequences. [5] c generic model [19] d stoichiometric model [20] 
